Identification and correction of incorrect ORF start sites is important for a variety of experimental and analytical purposes, ranging from cloning to inference of operon structure. The genome of the H37Rv reference strain of Mycobacterium tuberculosis (Mtb) was originally annotated when it was first sequenced nearly 15 years ago. While this annotation has served the TB research community well as a standard of reference for over a decade, it has been demonstrated experimentally that the actual start sites for an estimated 5e10% of open reading frames differ from the annotation. In this paper, we present a comprehensive bioinformatic analysis of all 3989 ORFs (open reading frames) in the M. tuberculosis H37Rv genome. Our method combines information from comparative analysis (alignment to start sites of orthologs in other Actinobacteria), sequence conservation, "protein likeness", putative ribosome binding sites, and other data to identify translational start sites. The features are combined in a linear model that is trained on dataset of known start sites verified by mass spectrometry, with a cross-validated accuracy of 94%. The method can be viewed as an augmentation of Hidden Markov Model-based tools such as Glimmer and GeneMark by incorporating more information than just the raw genomic sequence to decide which position is the legitimate translational start site for each ORF. Using this analysis, we identify 269 genes that most likely need to be re-annotated, and identify the best alterative translational start site for each. These revised ORF definitions could be used in the reannotation of the H37Rv genome, as well as to prioritize genes for experimental start-site validation.
Introduction
The genome of the H37Rv reference strain of Mycobacterium tuberculosis (Mtb) was originally annotated when it was first sequenced nearly 15 years ago, 1 yielding 3924 open reading frames (ORFs). Subsequently, several additional open reading frames were added in a re-annotation that occurred in 2002, mostly involving the addition of several small ORFs (<100 amino acids), such as additional ribosomal proteins. 2 While this annotation has served the TB research community well for a decade as a standard of reference, it has been observed that the actual start site for some open reading frames differs from the annotation. As an example, GlpX was recently shown to have a 34-amino acid N-terminal extension, relative to its annotated start site, which was validated by mass-spectrometry. 3 Similarly, RibH was shown to start 6 amino acids further upstream, overlapping with the stop codon of RibA2. 3 Epitope tagging was used to show that the translation product of Rv1955 actually begins 45 amino acids downstream from the annotated start site. 4 In general, identification and correction of incorrect ORF start sites is important for a variety of experimental purposes. In addition, changes to the start sites of genes could affect operon structure, since many genes are predicted be in operons on the basis of proximity (distance in nucleotides) from the start of the gene to the end of the gene upstream. 5 The coding regions of genes in prokaryotic genomes is frequently determined, as part of the annotation process, by identifying the largest open reading frames (ORFs) spanning between a candidate start codon and stop codon for the organism, constrained to avoid (or minimize) overlaps. Tools such as Glimmer 6, 7 and GeneMark 8, 9 extend this by implementing a Hidden Markov Model, which can be trained on similar organisms to recognize local sequence patterns associated with translational start sites. Modern integrated annotation packages such as RAST, 10 can also take advantage of annotations of related organisms to identify the boundaries of ORFs based on a comparison to its orthologs. Bakke et al. 11 compared RAST with two other automated annotation servers (IMG and the JCVI pipeline), and found that that they had comparable performance in terms of number and lengths of ORFs identified, though RAST predicted unique start sites for around 10% of them. True start sites of purified proteins can be determined experimentally using techniques such as N-terminal sequencing by Edman degradation, or mass spectroscopy (MS) of proteolytic fragments. Recently, proteomic analysis using MS has been applied to whole-cell lysates and culture filtrates of H37Rv grown in 7H9 þ OADC media to identify start sites on a genome-wide basis. 12 While not all proteins are identifiable by this method (due to lack of expression, inefficient tryptic digestion, etc.), they were able to confirm the start sites of 727 ORFs in the H37Rv genome, while identifying N-terminal peptides that showed that 33 genes started upstream or downstream of the annotated start site.
Bioinformatics analysis can be used to identify other genes potentially misannotated in the rest of the genome. Characteristics of the currently annotated start site for each ORF can be compared with alternative start sites nearby in the genome. In M. tuberculosis, ATG and GTG are predominantly used as start codons, and TTG is used more rarely. 1 Among the 3989 genes in the original annotation of the H37Rv genome, ATG is used as a start codon 60.9% of the time, GTG is used in 33.5% of the genes, and TTG is used only 4.5% of the time. The use of non-ATG start codons, which are recognized less efficiently by the fMet-tRNA, likely plays a regulatory role for these select genes such as translation initiation factor IF5a. 13, 14 While ORFs in other organisms are often associated with purinerich ribosome binding sites (RBS), many ORFs in Mtb do not seem to have clear RBSs. In other prokaryotes, RBSs consist of w6 bp purinerich sequences usually around 10 bp upstream of a translational start site. 15 The consensus RBS sequence in Escherichia coli and Bacillus subtilis is AAGGAGG. 16 Many variations around this consensus occur as well, and substitutions affect the relative translation initiation rate. 17 However, not all ORFs have an RBS (for example, some genes are transcribed directly from the 5 0 end of leaderless transcripts). In a survey of 30 sequenced genomes spanning eubacteria and archbacteria, RBS sequences were typically associated with 40e60% of ORFs (though extremes outside this range exist), and only around half (47.7%) of ORFs in the Mtb genome displayed a recognizable purine-rich RBS sequence pattern in the upstream region. 18 Thus RBS analysis provides only a partial sequence-based signal to indicate the true start site of a gene in the Mtb genome. A valuable source of information can come from comparison of the start sites of genes with the start sites of orthologs in other organisms. Inconsistency of start sites can easily be recognized in a multiple-sequence alignment, if one organism has a longer or shorter N-terminus compared to the others. Inconsistency does not guarantee a start site is incorrect (as some differences are genuine), and this approach can be subject to systematic biases in how the other genomes may have been annotated. Nonetheless, a comparative-genomics approach using alignments with other mycobacteria was used by Rison et al. 3 to identify 11 candidate genes with potential alternative start sites, which yielded GlpX and RibH upon experimental validation. In addition to start site consistency, there is additional information that can be brought to bear. Sequence conservation among the orthologs can be exploited to help identify a likely start site. The nucleotides downstream of a legitimate start site are typical more conserved, due to constraints of maintaining a stable fold, whereas the non-coding sequence upstream typically accumulates mutations at a higher rate (although there may be short conserved regulatory motifs in this region). Another relevant piece of evidence is "proteinlikeness". If the upstream region were translated into hypothetical amino acids, they are often found to be low-complexity and contain a high proportion of amino acids that would be unusual in an expressed protein product (such as a cluster of cysteines or glycines).
For similar reasons, differences in predicted secondary structure might be considered to help discriminate translated regions downstream from a start site versus untranslated regions upstream of a start site, since the amino acid translation of the region upstream of a start site is not constrained to have a regular secondary structure. However, the presence of predicted secondary structure downstream of a true translational start site might not be a reliable indicator, since the N-terminus of many proteins is often disordered. 19 In this paper, we present a comprehensive analysis of the ORFs in the M. tuberculosis H37Rv genome. Our bioinformatic method identifies genes with potentially misannotated start sites, based on combining evidence from multiple sequence alignments and analysis of putative peptide sequences. In the end, a summary score is assigned to each ORF that can be used to indicate ORFs with the highest probability of misannotation, and to predict the most likely alternative start site. This prediction could be used to prioritize genes for additional proteomic studies (e.g. validation by mass spectrometry). Furthermore, this data should prove helpful in the process of reannotating the H37Rv genome, and should be of value to researchers attempting to clone and express these genes.
Methods

Identification and alignment of orthologs
Orthologs for each gene in H37Rv were identified by running the program BlastP 20 against databases constructed for the amino acid sequences in the genomes of 10 other organisms. A significance threshold of E < 10 À10 was used to select only confident matches.
For each ortholog, the nucleotide sequence in the region from À240 to þ240 bp relative to the annotated start site was translated into an amino acid sequence (AE80 amino acids). These putative peptide were used to construct a multiple-alignment using ClustalW. 21 Start site coordinates for predicted ORFs were obtained by running Glimmer v3.0.2 7 and GeneMarkS v4.7a 8 on the H37Rv genome.
Glimmer was run on the webserver provided by NCBI (http://www. ncbi.nlm.nih.gov/genomes/MICROBES/glimmer_3.cgi), using default options for bacterial genomes. GeneMarkS, was run on the server provided by the Georgia Institute of Technology (http://exon.gatech. edu/genemarks.cgi), for prokaryotic genomes (in self-training mode).
Results
Comparative analysis
For each gene in the H37Rv genome, orthologs were identified in N ¼ 10 related organisms (see Table 1 ). The genomes and public annotations for ten related organisms were retrieved from Genbank ( Table 1 ). The ten species were chosen to represent a range of mycobacteria (including fast-and slow-growing species), but outside the Mtb Complex (for example, genes in Mycobacterium bovis are nearly identical to H37Rv, and hence non-informative).
Genomes of Corynebacterium glutamicum and Nocardia farcina, which are close relatives of mycobacteria within the Actinobacteria order, were chosen for additional diversity.
Orthologs for each gene in H37Rv were identified in the genomes of the other 10 organisms using BlastP. Only 1134 (24.43%) genes had orthologs in all 10 organisms; 465 (11.66%) genes had no orthologs, and were excluded from analysis. A histogram is shown in Figure 1 for the number of orthologs for each gene.
The genomic regions within AE240 bp of the annotated start sites for each of the orthologs were extracted and translated into hypothetical peptide sequences (representing the N-terminus of the predicted protein, fused with a hypothetical prefix of 80 amino acids from the upstream non-coding region, possibly including stop codons). These putative peptide were used to construct a multiplealignment. An example alignment is shown in Figure 2 for PimB (Rv0557), for which all the orthologs start 3 codons downstream from the annotated start site in H37Rv.
A total of 419 (10.50%) genes had start sites perfectly consistent (aligned) with the orthologs in all the other organisms. In some cases, there was one or a small number of orthologs displaying different start sites, but the start site in H37Rv was still consistent with the majority of the other orthologs. In other cases, there was high variability in the start sites. A histogram of the number of different start sites observed among the orthologs (and H37Rv) is shown in Figure 3 .
Focusing on sites where H37Rv could be considered to be inconsistent in this comparative analysis, 1355 (33.98%) genes in H37Rv had start sites that were different than the majority start site based on the alignment to the other organisms. To quantify this difference, we define a score called d, which represents the difference between the number of orthologs starting at the site identified by the majority in the alignment, and the number of orthologs starting at the same site as H37Rv. This score reflects the degree of consistency with start sites in other organisms (ranging between 0, for cases where they all agree, to n-1, where all the other orthologs start at a site different from H37Rv). The distribution of d scores is shown in Figure 4 . We define u as the offset (distance measured in amino acids) of the majority start site to the start site in H37Rv. The histogram of offsets other than u ¼ 0 is shown in Figure 5 . This shows that the potential difference in start positions is usually small (1e10 amino acids), though sometimes as large as 50 amino acids. If we let s(i) be the number of organisms with a start codon at position i (relative to alignment with Mtb), and u* be the offset at which the largest number of organisms (other than Mtb) start, the
Sequence conservation score
Another aspect of the multiple sequence alignments that can be exploited to help identify true start sites is degree of sequence conservation. At each site i the set of amino acids from all the organisms is collected (excluding gaps and stop codons) and mapped to groups based on similarity as follows: (FYWH)(STNQ-C)(AVILM)(DE)(KR)(G)(P). This step allows substitutions by chemically similar amino acid to be counted as effectively equivalent. After the most frequent group among the observed amino acids is identified, the conservation score is taken as the ratio of the size of this group to the total number of amino acids observed at the site in the alignment. For example, if there are 7 hydrophobic residues at site i among 10 aligned orthologs, then g(i) ¼ 0.7.
Note that if any of the sequences in the alignment contains a gap at this site, the score g(i) is automatically capped at maximum of 0.5, reflecting low conservation. Typically, the sequence conservation is higher downstream of a true start site and lower upstream, however the conservation score can be highly variable depending on the quality of the alignment. In order to reduce the noise in the signal, the conservation score is smoothed by averaging a window of 10 amino acids downstream of a given start site (i.e. Figure 6 shows a plot of the smoothed sequence conservation relative to the annotated start site in H37Rv, averaged over all genes. While sequence conservation is higher downstream of the annotated start site (as expected), alternative start sites downstream of a true start site (in the translated region) will obtain a high sequence conservation score even though they are incorrect. In order to distinguish the transition in the signal that occurs at an actual start site, we calculate a finite difference approximation of the derivative of the smoothed conservation score as follows: g 0 ðiÞ ¼ gðiÞ À gði À 2Þ. Figure 6 shows a plot of g 0 (i) super-imposed on the plot of gðiÞ, clearly showing a peak at the position of the true start site.
Protein-likeness
In many cases, a transition can be observed in the distribution of hypothetical translated amino acids upstream of a start site to downstream. Whereas the amino acids downstream are expressed as the N-terminus, and thus subject to constraints for stable folding, the untranslated sequence upstream is not constrained, and often displays low complexity. To assess this in the H37Rv sequence, a protein-likeness score p(i) is calculated for each site i where expected(a) ¼ L*r(a). In many cases, the translation of the nucleotide sequence upstream of a start site exhibits an excess of rare amino acids like Cys (frequency ¼ 0.89%), which is a good indicator that it is unlikely to be part of the translated protein product. Figure 7 shows a plot of p(i) ( 
Ribosome binding sites
Putative RBSs can also be used as a feature to distinguish some translational start sites. Purine-rich sequences have been observed upstream of genes such as csoR 22 in the Mtb genome. However, no single nucleotide pattern occurs consistently upstream of a large subset of ORFs. For example, by extracting all 6 bp subsequences with 20 bp upstream of the start codon among all 3989 ORFs, the most frequent (GAGGAG) was only associated with 170 ORFs. Nonetheless, there is a weak signal indicating a bias for purines positioned around 8e11 bp upstream (see Figure 8a) . By relaxing the criteria to include any 6 bp purine sequence (regardless of order of As and Gs), this pattern can be identified upstream of 1297 (32.5%) of ORFs. This is statistically significant, as random 20 bp windows sampled in this GC-rich genome contain such a consecutive sequence of purines only w5.4% of the time. The positions of these subsequences relative to the start codon are shown in Figure 8b . A shorter sequence of 5 consecutive purines occurs upstream of 1841 ORFs (46.2%), while appearing w13.7% of the time in random 20 bp windows throughout the genome. Because this more relaxed pattern (5 bp A þ G) is associated with more ORFs, we use it as a binary feature in our model.
Glimmer and GeneMark
Additional information for reannotation of the H37Rv genome can be garnered by running ORF-prediction models based on HMMs that are trained to detect sequence patterns associated with translational start sites. To make use of these sources of information, Glimmer v3.0.2 7 and GeneMarkS 8 were used to make ORF predictions on the H37Rv genome. Both methods predict close to 4200 ORFs for H37Rv (i.e. see Table 2 ).
Using start site predictions made by both methods, a score, m(i), was developed which quantified whether both, one, or neither of the methods predict a given start site, i, to be the beginning of an ORF. Through this score, we can combine the information obtained from comparative analysis with the information of well-known gene prediction models to make improved predictions about start sites. 
Combined start site score
To determine whether a gene might have a misannotated start site based on this data, we developed a combined start site score, which is a linear combination of the features previously described. The features are assigned coefficients (weights) that determine how well they are able to discriminate correct start sites from incorrect ones. We refer to this as the BASS score (for 'Bioinformatic Analysis of Start Sites'):
where: Stochastic gradient descent was used to determine the value of coefficients which minimized the mean-squared error of the combined score on training data (see Supplementary Material for a description of the algorithm). In order to train the algorithm, a set of 722 genes with translational start sites determined by massspectrometry 12 was obtained. Of this initial set of genes, 693 had correctly annotated start sites, and 29 had incorrectly annotated start sites. Because there were significantly fewer examples of incorrect start sites, the training set was augmented by considering a random sample of alternative start sites among the correctly annotated genes as examples of incorrect start sites, thus increasing the final training set to a total of 1386 examples (i.e. 693 correct sites, and 693 incorrect sites). In order to estimate the overall performance of the linear function, 10-fold cross-validation was used, which ensures that the training and testing sets were nonoverlapping. After 1000 iterations of stochastic gradient descent, the linear combination of features converged to the following set of weights:
achieving an average cross-validated accuracy of 94.37%. The difference, d(i), between the number of orthologs starting at the most frequent site versus the number of orthologs starting at a given site was assigned the highest magnitude weight (À0.28), followed by m(i), the number of methods (Glimmer and GeneMarkS) that agree with given site (0.26), suggesting that these two features were the most relevant for discriminating start sites. The derivative of sequence conservation, g 0 (i), obtained the lowest weight (0.0001), suggesting that sequence conservation may not be as relevant for discriminating start sites, once the other features are taken into account.
The combined start site score was calculated for all potential start sites within a gene. To qualify as a potential start site, the start codon must be ATG, GTG, or TTG, and must not include a stop codon in-frame. To determine which genes were most likely to have incorrect start sites, the currently annotated start site i was compared to the best-scoring start site j within the surrounding AE240 bp region: DBASS(i) ¼ max j BASS(i) À BASS(j). Those genes with the largest difference in score are those most likely to have a misannotated start site according to our analysis. While a negative score DBASS < 0 indicates that there is an alternative start site with a higher value than the annotated start site, this difference might not be significant. To distinguish the cases that are significant, we use a threshold on the DBASS score of À0.7. This was determined by calculating the precision and recall on the ORFs from the Kelkar dataset for different thresholds s, and then calculating the F 1 score, which is the geometric mean of precision and recall ðF 1 ¼ 2 Â Precision Â Recall=Precision þ RecallÞ. The plot of the F 1 score is shown in Supplementary Figure S1 and displays a peak at s ¼ À0.7, which is the optimized threshold for detecting misannotated ORFs.
A total of 3531 genes in H37Rv with at least one ortholog were analyzed in this manner (see Table S1 in the Supplementary Material). Of these, 269 genes (6.74% of all ORFs in the genome) exceeded our threshold (DBASS score À0.7), suggesting that the translational start site for these genes might be misannotated. An example of one of these genes is PimB (Rv0557), which is predicted to start at þ3 amino-acids downstream (DBASS score ¼ À2.108), which is where all the orthologs start ( Figure 2) . RibH has the 12th highest rank by BASS score (DBASS ¼ À1.888), and the alternative start site with the highest BASS(i) value is the codon 6 amino acids upstream of the annotated start site, consistent with what has been experimentally verified.
3 GlpX (DBASS ¼ À0.576) is also predicted by our method to start 34 amino-acids upstream of the annotated start site, consistent with the results from mass spectrometry.
To compare the accuracy of the BASS method, Glimmer, and GeneMarkS, their predictions were evaluated on the set of genes with experimentally determined start sites 12 (See Table 3 ). Among the 693 genes with confirmed start sites, the BASS score predicted 674 (97.26%) of genes had correctly annotated start sites, while Glimmer and GeneMarkS predicted start sites that corresponded to 551 (79.51%) and 578 (83.41%) of these genes. Among the 29 genes with incorrectly annotated start sites, the BASS score predicted 13 (44.83%) were incorrectly annotated, while Glimmer and GeneMarkS predicted 20 (68.97%) and 19 (65.52%). The lower detection rate among the genes with incorrect start sites could be due to the fact that some of these genes (e.g. cysG, leuA, devR) had annotated start sites that coincided with the start sites in multiple orthologs, which could result from systematic biases in the annotation of these Actinobacterial genomes.
Changes in operon structure
The reannotation of translational start sites might affect the prediction of operons, as distance between genes is a criterion commonly considered when making inferences about operon structure. 23 Genes within the same operon are expected to have fewer genetic requirements upstream of their start site, as only To determine what changes in operon structure are suggested by the reannotation of start sites, we used the OP-method 5 to make predictions. The OP-method relies solely on intergenic distances between pairs of genes on the same strand, considering a pair of genes to belong to the same operon as long as their intergenic distance is less than a specified threshold. Utilizing a distance threshold of 100 nucleotides, pairs of genes were compared using the coordinates in the original annotation of H37Rv and the updated coordinates suggested by our reannotation. Of the 1955 pairs of adjacent genes on the same strand, 1925 (98.46%) were unaffected by the reannotation (i.e. OP-method prediction was the same). Of the remaining 30 pairs of adjacent genes, 10 were newly predicted to share the same operon, i.e. the genes were close enough to be joined in an operon, whereas 20 were now found to be too far apart to be part of the same operon, i.e. an existing operon was split.
One example that illustrates a correction to operon structure that has experimental support is in the gene cluster for mycobactin biosynthesis (mbtA-mbtJ). mbtH-mbtB are organized in a contiguous fashion on the same strand (Rv2377c-Rv2383c), followed by mbtA and mbtJ (Rv2384 and Rv2385) on the opposite strand, and finally mbtI (Rv2386c). The protein products of mbtA-F form a large non-ribosomal peptide synthase complex that perform a sequence of enzymatic reactions to synthesize the siderophore mycobactin, starting from salicylate produced by mbtI (salycilate synthase), with the other enzymes making modifications to the side-chain substituents. 25, 26 The OP-method 5 predicts that these genes mbtH-mbtB are expressed in two groups, mbtH-mbtE and mbtDmbtB, due to a gap of 140 bp between mbtE and mbtD. However, our start site prediction method predicts that the start site of mbtE is actually 147 bp farther upstream (on the negative strand), eliminating the intergenic gap altogether, resulting in an overlap of 7 bp. That mbtH-mbtB would be expressed as a contiguous operon makes sense, given their functional relationship, and there is evidence from transcriptional profiling that these genes are co-transcribed. 27 
Discussion
Correct annotation of genomes and accurate identification of ORF boundaries is critical for many reasons. While existing tools for ORF prediction such as GeneMark and Glimmer are fairly accurate, these computational procedures based solely on genomic sequence analysis still make mistakes, as revealed by mass-spectrometry studies. In an assessment on 30 annotated prokaryotic genomes in the NCBI database (http://www.cbcb.umd.edu/software/ glimmer/g3.table2.jun01.shtml), Glimmer3 was found to predict ORF start sites that agree with the existing annotation 77.5% of the time on average (range 56e89%). Interestingly, Glimmer3 had the lowest accuracy for the M. tuberculosis genome (56.2%). This is unlikely to be due solely to high-GC content, as Glimmer3 had higher accuracy on other GC-rich genomes, such as Pseudomonas florescens (74.9% accuracy; GC content is 63%, similar to 65% for Mtb), and the genome on which Glimmer3 had the second lowest accuracy (Chorobium tepidum, 58%) has a GC content of 56%.
Computational analysis based on other information can be used to augment and correct the annotation in some cases. The primary source of information comes from comparative analysis in an alignment with orthologs from related species. By aligning the Nterminus of a gene with orthologs from related species, it is often clear that there is a consensus start site among other organisms, and it can be determined whether the start site in Mtb agree (lines up) or disagrees (is offset) from this consensus site. This comparative method is not completely reliable, however, as the annotations of all the other genomes might suffer from the same bias. Also, in some cases the start sites utilized by orthologs are variable, as observed in the multiple alignment, i.e. there might be no clear consensus. In these cases, additional information can be brought to bear. In particular, the degree of sequence conservation provides a strong signal, as sequence downstream of the translational start site is more highly conserved. In addition, the amino acids downstream of the true start site are constrained to be more protein-like, whereas the amino acids in the untranslated region upstream are often found to be low-complexity and have a higher density of low-frequency amino acids. While many ORFs in the Mtb genome do not appear to have clear ribosome binding sites, 18 a subset do have purine-rich sequences which can also be used to help distinguish which potential start codon is the biologically relevant one. While none of these features by themselves can perfectly identify translational start sites for all ORFs, all of this information can be combined together in a linear model to predict which start sites are potentially misannotated, and which alternative start site is most likely the correct one.
The BASS method we have described can be thought of as an enhancement of Glimmer and GeneMarkS, since it uses their predictions as an input feature, but augments them with other information such as conservation of start sites among orthologs. Although Glimmer and GeneMarkS are capable of making inferences about potential start sites of ORFs given a nucleotide sequence, they generally predict a significantly larger number of incorrect start sites than expected. For example, of the 3531 genes used in our analysis, Glimmer and GeneMarkS predict start sites that correspond to 66.07% and 69.67% of the genes, suggesting that more than 30% of the genes have misannotated start sites. This is significantly larger than the 5e10% of genes expected to be misannotated, based on independent studies by Kelkar et al. 12 and deSouza et al. 28 In contrast, the BASS method predicts 6.74% of ORFs to be misannotated, and has an overall cross-validated accuracy of 94%. Thus, by complimenting these methods with a comparative analysis to other genomes, the annotation of ORFs in a genome can be improved.
